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ABSTRACT- Malaria is a life-threatening disease caused by Plasmodium parasite infection with huge 
medical, economic, and social impact. Malaria is one of a serious public health problem in Ethiopia since 
1959, even if, its morbidity and mortality have been reduced starting from 2001. Various studies were 
conducted to predict the Malaria epidemic using mathematical and statistical regression approaches, 
nevertheless, they had no learning capabilities. In this paper, we presented a type-2 fuzzy logic-based 
system for Malaria epidemic prediction (MEP) in Ethiopia which has been optimized by the Big-Bang 
Big-Crunch (BBBC) approach to maximizing the model accuracy and interpretability to predict for the 
future occurrence of Malaria. We compared the proposed BBBC optimized type-2 fuzzy logic-based 
system against its counterpart T1FLS, non-optimized T2FLS, ANFIS and ANN. The results show that the 
optimized proposed T2FLS provides a more interpretable model that predicts the future occurrence of 
Malaria from one up to three months ahead with optimal accuracy. This helps to answer the question of 
when and where must make preparation to prevent and control the occurrence of Malaria epidemic since 
the generated rules from our system were able to explain the situations and intensity of input factors 
which contributed to the Malaria epidemic and outbreak.   
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 صلختسملا-  يه ايرلاملا .مخض يعامتجاو يداصتقاو يبط ريثأت هلو مويمزلابلا ليفط ىودع نع جتنيو ةايحلا ددهي ضرم ايرلاملا
 ماع ذنم ايبويثإ يف ةريطخلا ةماعلا ةحصلا لكاشم نم ةدحاو1959 ، ودق مت خت ماع نم اًءدب تايفولاو للاتعلاا تلادعم ضيف2001 .
ةفلتخم تاسارد تيرجأ دقو ؤبنتلل ضرمب يئاصحلإاو يضايرلا رادحنلاا جهانم مادختساب ايرلاملا ، ملعتلا تاردق مهيدل نكي مل ، كلذ عمو 
يكذلا انمدق ، ةقرولا هذه يف . ماظن ينبم ىلع قطنملا نم عونلا 2 ؤبنتلل ضرمب  رلاملااي (MEP) جهن للاخ نم هنيسحت مت ايبويثإ يف 
ةريبك ةمزأ ريبكلا راجفنلاا (BBBC)  اكمإو جذومنلا ةقد ةدايزل ب ؤبنتلل دح ىصقأ ىلإ هريسفت ةين ماظنلا انراق .لبقتسملا يف ايرلاملا ثودح
 عونلا نم نسحملا يبابضلا قطنملا ىلع مئاقلا2 نم BBBC هريظن عم و لا عون1 ا قطنملا ماظنيبابضل T1FLS و لا عون2  ماظن
يبابضلا قطنملا لثملأا ريغ T2FLS و ا ماظن قيسنتضلا للادتسلايفيكتلا يبصعلا يباب ANFIS   وةيبصعلا تاكبشلا .ANN  ريشت
نأ ىلإ جئاتنلا T2FLS حب أبنتي ريسفتلل ةيلباق رثكأ اًجذومن رفوي لثملأا حرتقملالاث ىلإ رهش نم لبقتسملا يف ايرلاملا ثود رهشأ ةث
لع اذه دعاسي .ىلثم ةقدب ةلصاوتماو تقولاب صاخلا لاؤسلا نع ةباجلإا ى ودح عنمل ريضحتلا هيف بجي يذلا ناكمل ايرلاملا ءابو ث
لإا لماوع ةفاثكو تلااح حرش ىلع ةرداق تناك انماظن نم اهؤاشنإ مت يتلا دعاوقلا نلأ هيلع ةرطيسلاو ايرلاملا ءابو يف تمهاس يتلا لاخد
 يشفتواه. 
 
Introduction  
Malaria is a life-threatening disease caused by 
Plasmodium parasite infection with huge medical, 
economic, and social impact [1]. According to 
WHO 2019 report [2] in 2018, an estimated 228 
million cases of Malaria occurred worldwide and 
most cases were in the WHO African Region (213 
million or 93%), followed  by the WHO South-
East Asia Region with 3.4% of the cases and the 
WHO Eastern Mediterranean Region with 2.1%.  
Ethiopia is among the highly affected countries by 
Malaria endemic, mainly due to its varying 
topographical and climatic features. Malaria 
disease has a high Epidemiologic and socio-
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economic burdens. It is estimated that about 75% 
of the total area of the country and 65% of the 
population  to be at risk of infection [3]. Figure 1, 
shows the number of Malaria cases (in million) 
and trends from 2012 to 2017 in Ethiopia; and thus 
the incidence is still high [4]. 
According to WHO  2018 country profile report[4]  
in 2016 and 2017,more than 65 million of USA 
dollars allocated in each years for Malaria 
intervention and control activities in Ethiopia.   
Historical in Ethiopia, a major Malaria epidemic in 
1958 resulted in an estimated 3 million cases of 
whom 150 000 died and   such kind of large-scale 
epidemic has been  returned at some irregular 
intervals of years; for example, during the 1980s 
and 1990s, severe epidemics were recorded in 
1981, 1988, 1991, 1992 and 1998 [5].  
 
 
Figure 1: Clinical confirmed Malaria cases in 
Ethiopia from 2012-2017 [4] 
 
Malaria is not only a major health problem but 
also has a significant economic impact on the 
socio-economic development of nations. The full 
nature of the economic burdens of malaria 
epidemics remains unclear in Ethiopia. Studies 
conducted in stable transmission areas have shown 
that Malaria causes substantial losses to 
households in the form of foregone income, 
treatment costs,  school abstain , and decreased 
agricultural production; and in the unstable 
Malaria affects children and people in the 
productive age groups, resulting in substantial 
economic loss because of the compromised 
capacity and efficiency of the labor force [6]. 
Various studies showed the importance of climatic 
variables and morbidity data to predict Malaria 
transmission and early detection using elevation, 
temperature, rainfall and humidity as coincided 
with the increased magnitude and frequency of 
Malaria epidemics [7].  
Malaria epidemic prediction (MEP) is a 
challenging problem due to its non-stationary 
nature and many influencing factors. This research 
aims to present novel techniques which can 
operate on complicated MEP and identify the main 
causes behind it and which could be then used in 
decision making. 
 
Related Works 
The main idea of Fuzzy Logic Systems(FLS) was 
introduced by Zadeh[8] and was first applied to 
control theory in 1974 by Mamdani[9]. Based on 
these works, fuzzy controllers have been 
successfully used in various real-world 
applications, like in [10][11][12].  
 
Type-1 Fuzzy Logic Systems 
FLS that is defined entirely in terms of type-1 
fuzzy sets is known as a type-1 fuzzy logic system 
(T1FLS), and its elements are displayed in the 
following Figure 2 [13]. 
A type-1 fuzzy set in the universe  is 
characterized by a membership function 
taking values on the interval  1,0  and can 
be represented as a set of ordered pairs of an 
element and defined by the following Equation(1): 
 
  (1) 
Where  
 
 
Figure 2: Type-1 FLS Structure 
 
Type-2 Fuzzy Logic Systems 
A type-2 fuzzy set is characterized by a fuzzy 
membership function, i.e., the membership value 
for each element of this set is a fuzzy set in [0, 1], 
unlike a type-1 set where a membership grade is a 
crisp number in [0, 1][13]. An interval type-2 fuzzy 
set  is characterized by Gaussian membership 
function shown in Figure 3. 
The uncertainty is represented by a gray region 
called the foot-print of uncertainty (FOU). The 
uniform shading for the FOU represents the entire 
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interval type-2 fuzzy set, and it can be described in 
term of an upper membership function  and a 
lower membership function  [14]. 
 
 
Figure 3: a Type-2 membership function and a red 
line in the middle is a type-1 membership function 
 
An interval type-2 fuzzy set, , is characterized by 
Equation (2):  
 
    (2) 
where . 
 
In the case of an interval type-2 membership 
function, the secondary membership value is 
. 
The architecture of type-2 fuzzy logic system 
(T2FLS) shown in Figure 4. The output processor 
includes a type-reducer and defuzzifier that 
generates a type-1 fuzzy set output (from the type 
reducer) or a crisp number (from the 
defuzzifier)[14].  
An interval type-2 FLS is also characterized by 
IF–THEN rules, but their fuzzy sets are now of 
interval type-2 form. The type-2 fuzzy set can be 
used when circumstances are too uncertain to 
determine exact membership degrees, as is the 
case when the membership functions in a fuzzy 
controller can take different values and we want to 
find the distribution of membership functions to 
show better results in the stability of fuzzy 
control[15]. 
In Malaria prone areas,  different studies 
conducted in the past to predict Malaria epidemic 
and transmission by applying Statistical and 
mathematical approaches using climate and  
Malaria cases data, like in seasonal autoregressive 
integrated moving average (SARIMA) [16][17], 
Poisson regression [18], autoregressive integrated 
moving average (ARIMA)[19][20]. 
 
 
Figure 4: Architecture of type-2 fuzzy logic system 
 
However, the traditional statistical and 
mathematical techniques did not learn the situation 
from historical data to capture trends properly and 
they are not accurate enough for predicting the 
abnormal incidence of Malaria for use in an 
epidemic early warning system.  In recent years, 
there are attempts to apply Artificial Intelligence 
techniques to develop predictive models for 
Malaria incidence and epidemic. For example,  
Support Vector Regression (SVR) and Adaptive 
Neuro-Fuzzy inference System (ANFIS)[21], 
Bayesian networks[22],  Artificial and Evolving 
Neural Network[23] were proposed to predict the 
Malaria epidemic.  
Even though such machine learning approaches 
provided a learning capability and good prediction 
accuracies, they have lacked to handle 
uncertainties and noise in Malaria prediction. In 
addition, such machine learning techniques are 
black-box and they have limitations to represent in 
more interpretable and understandable form the 
results for decision makers.  
One of the commonly used white-box approach  is 
Fuzzy Logic Systems (FLS) which could be easily 
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analyzed and understood by the layman user[10]. 
For example, in the previous study of this paper’s 
authors showed that the T2FLS gave promising 
results with better interpretability for MEP [12]. To 
maximize the performance and interpretability of a 
designed Type-2 Fuzzy Logic-based System, the 
use of some optimizing methods becomes a 
valuable choice when problem complexity grows 
and modeling becomes difficult. The ability of 
fuzzy logic systems to be hybridized with other 
methods extended the usage of fuzzy logic 
systems in many application domains[24]. 
FLS with different optimization techniques 
became more interpretable with reduced number 
of rules and has good accuracy by adjusting 
membership functions in the real-world 
applications  like in genetic algorithms 
[10][25][26][27][28], big bang-big crunch [29][30] [31] [32] and 
bio-inspired ( bee colony, ant colony and particle 
swarm) optimization [33][34].   
The main objective of this study is to develop an 
intelligent fuzzy logic-based system which is 
BBBC optimized type-2 Fuzzy Logic Systems to 
get an optimal prediction of the MEP ahead of one 
up to three months. Further, the results of 
optimized T2FLS compared with against its 
counterpart optimized T1FLS, ANFIS, Artificial 
Neural Network and non-optimized T2FLS.  
The membership functions of the proposed system 
extracted using the Fuzzy C-Means (FCM) 
Clustering technique which is available in 
MATLAB R2019a built-in Toolbox; and the rules 
of type-2 fuzzy logic system )T2FLS ( and type-1 
fuzzy logic system )T1FLS( have generated 
automatically from training data by specifying 
parameters of the membership of antecedents and 
consequents of a membership functions using Java 
Programming.  It is, firstly, a new fuzzy logic-
based MEP system. How far BBBC can assist 
designing T2FLS to improve its performance in 
Malaria epidemic prediction? 
 
The Proposed BBBC Optimized Type-2 Fuzzy 
Logic-based System for Malaria Epidemic 
Prediction 
The real dataset we used for the experiment is 
monthly Malaria cases (Morbidity data) and 
climate data which was collected from 2013 to 
2017 throughout the country in Malaria prone 
areas by the Ministry of Health and National 
Meteorology Agency of Ethiopia respectively. The 
number of instances in a dataset is 11282 which 
was divided 70% for training and the remaining 
for testing. 
The climatic inputs data includes monthly average 
of temperature (TEMP), rainfall (RF), relative 
humidity (RH) and Elevation (ELV) collected 
from ground Meteorology Stations. The other 
input is a number of monthly lag outpatient 
Malaria cases (LAGCASE). The output is a 
number of Malaria cases (CASE). Since these 
variables have different units, it would be difficult 
to establish a correlation between them. Thus, the 
min-max normalization method was applied to 
limit the value of these variables between 0 and 1. 
The formula for the normalization is as follows 
[35]:  
minmax
min)(
zz
zz
zNormalized i
−
−
=
                   (3)   
Where is the minimum value and  is the 
maximum value from the data set  represents 
each input and output values.  
 
 
Figure 5: The proposed BBBC optimized type-2 
fuzzy logic-based system for MEP 
 
The proposed BBBC optimized type-2 fuzzy 
logic-based system for MEP works into two 
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phases as shown in Figure 5, a modeling and a 
prediction phase which are detailed in the 
following subsections. 
Modeling Phase 
In this phase, Type-1 Fuzzy Sets extracted using 
FCM and transformed to Type-2 Fuzzy Sets. 
Finally, T2FLS optimized using BBBC algorithms. 
Step 1-Extracting Fuzzy Sets 
The membership function of T1FLS extracted 
automatically from data using FCM method. FCM 
has a capability to cluster data into specified 
number of overlapping groups and each groups 
considered as membership functions.  The FCM 
clustering algorithm generalized by Bezdek [36]. 
Fuzzy clustering methods allow the objects to 
belong to several clusters simultaneously, with 
different degrees of membership [36]. 
In this study, each input represented by five 
Gaussian membership functions such as Very Low, 
Low, Medium, High and very High by determined 
Gaussian membership parameters (i.e. mean and 
standard deviation) dynamically from data using 
FCM clustering method. The generated fuzzy sets 
of antecedents and consequents have overlapping 
domain interval ranges. The extracted samples of  
type-1 Gaussian membership function for 
temperature and relative humidity represented in 
Figures 6 and 7 respectively which could be 
written as[14]: 
 (4) 
Where  is mean value and  is standard deviation 
of the type-1 fuzzy set and  is each input values. 
A linguistically word was given to each of the 
resulting fuzzy sets like VLOW and LOW.  
 
Step 2- Transforming Type-1 Fuzzy Sets to 
Type-2 Fuzzy Sets 
The uncertain standard deviation helps to capture 
the non-stationary behavior of the inputs and 
output variables. The Gaussian type-2 MFs are 
used to describe the type-2 fuzzy sets  (where 
q=1, 2,…,  and  represents the number of type-
2 fuzzy sets for a variable s) with  the 
mathematical definition of equation (5)[14]: 
 (5) 
Where   is the value of the center (average) and 
 are the values of the standard deviation for 
each Gaussian interval type-2 MF, for the  
input/output variable.  
 
Figure 6: Type-1 membership function for 
Temperature 
 
 
 
Figure 7: Type-1 membership function for Relative 
Humidity 
 
 
 
Figure 8: Type-2 Fuzzy Membership for 
Temperature 
 
In order to construct the initial type-2 MF in our 
T2FLS, we use certain mean ( ) and uncertain 
standard deviation ( .  
The standard deviation of the given type-1 fuzzy 
set (extracted by FCM clustering) , , used to 
obtain   by blurring(including FOU)   with 
a certain  (α = 10, 20, 30 and 40) factors [37] 
such that: 
      (6) 
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Figures 8 and 9 shown the Type-2 fuzzy set for 
temperature and relative humidity respectively 
after transformed with 10% FOU. 
 
 
Figure 9: Type-2 Fuzzy Membership for Relative 
Humidity 
 
Step 3: Optimizing the Type-2 Fuzzy Logic 
System with BBBC 
This section provides how the BBBC was applied 
to optimize the type-2 fuzzy sets parameters of the 
type-2 fuzzy logic-based MEP system and how to 
evaluate the quality and fitness of the achieved set 
of parameters. 
The main purpose of using FCM to generate the 
membership functions and using the Wang-Mendel 
method to construct the initial rule base before our 
BBBC optimization is to obtain a good starting 
point in the search space, since the BBBC quality 
of the optimization highly relies on the starting 
state to converge fast to the optimal position. If we 
started from random fuzzy sets and rules, the 
BBBC will take very long time to converge to 
optimal values[37]. 
 
Big Bang-Big Crunch (BBBC) Optimization 
The BBBC optimization method developed by 
Erol and Eksin[31] derived from the theory of the 
birth of the universe in astrophysics, namely the 
Big-Bang Big-Crunch Theory. It has two main 
phases: In the first Big Bang phase, the candidate 
solutions are randomly distributed over the search 
space and the next Big Crunch phase where a 
contraction procedure calculates a center of mass 
for the population. The key advantages of BBBC 
are its low computational cost, ease of 
implementation, and fast convergence[31]. The 
working principle of the Big Bang phase is 
explained as energy transformation from an 
ordered state (a convergent solution) to a 
disordered or chaotic state (a new set of candidate 
solutions). After the Big Bang phase, a contraction 
procedure is applied during the Big Crunch. In this 
phase, the contraction operator takes the current 
positions of each candidate solution in the 
population and its associated cost function value 
and computes a center of mass according to[31]:  
    (7) 
 Where  the position of the center of mass,  is 
the position of the candidate,   is the cost 
function value of the  candidate and  is the 
population size. 
The new generation for the next iteration Big Bang 
phase is normally distributed around  . The new 
candidates around the center of mass are 
calculated by adding or subtracting a normal 
random number whose value decreases as the 
iterations elapse. This can be formalized as[31]: 
 
  (8)        
where  is a normal random number,  is a 
parameter limiting the size of the search space, 
 and   are the upper and lower limits 
respectively, and  is the iteration step. 
The procedure of the BBBC optimization is given 
as follow: 
Step 1 (Big Bang Phase) 
The generation of N initial candidates 
randomly in the search space. 
Step 2  
The cost function values of all the 
candidate solutions are computed. 
Step 3 (Big Crunch Phase) 
The center of mass is calculated. Either 
the best fit individual or the center of mass 
is chosen as the point of Big Bang Phase. 
Step 4 
New candidates are calculated around the 
new point calculated in Step 3 by adding 
or subtracting a random number whose 
value decreases as the iterations elapse. 
Step 5  
Return to Step 2 until stopping criteria has 
been met. 
Since normally distributed numbers can be 
exceeding , it is necessary to limit the 
population to the prescribed search space 
boundaries. This narrowing down restricts the 
candidate solutions into the search space 
boundaries[31].  
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Optimizing the Rule Base of the T2FLS with 
BBBC 
The fuzzy rules are defined for the dimensional 
pattern problem as follows[14][38]: 
 
   (9) 
Where   is the total number of 
rules and  is the index of the rules and 
 is an n-dimensional pattern 
vector.  
To optimize the rule base of the T2FLS, the 
parameters of the rule base are encoded into a 
form of a population. The T2FLS rule base can be 
represented as shown in Figure 10. 
 
             
Figure 10: The population representation for the 
parameters of the rule base 
 
Based on Figure 10,  are the antecedents and 
 is the consequents of each rule respectively, 
where  is the number of 
antecedents;  is the number of 
consequents;  and  is the number of 
the rules to be tuned. However, the values 
describing the rule base are discrete integers while 
the original BBBC supports continuous values. 
Thus, instead of Equation (8), the following 
Equation (10) is used in the BBBC paradigm to 
round off the continuous values to the nearest 
discrete integer values modelling the indexes of 
the fuzzy set of the antecedents or consequents.  
 
 (10) 
Where  is the fittest individual,  is a random 
number,  is a parameter limiting search space, 
 and  are lower and upper bounds, and 
 is the iteration step. in this study, the rule base 
constructed by the Wang-Mendel approach[14][39] is 
used as the initial generation of candidates. After 
that, the rule base can be tuned by BBBC using the 
cost function depicted in Equation (10).  
  
Optimizing the Type-2 membership functions 
with BBBC 
In order to apply BB-BC, the feature parameters of 
the type-2 membership function have to be 
encoded into a form of a population. As depicted 
in Equation (6), in order to construct the type-2 
MFs, the parameter  has to be determined to 
obtain  while  is provided by FCM. To be 
more accurate, the uncertainty factors  for each 
fuzzy set of the MFs are computed, where 
 is the number of antecedents; 
is the number of inputs/features. 
For illustration purposes, as in the MFs of the 
proposed system, five type-2 fuzzy sets including 
VERY LOW, LOW, MEDIUM, HIGH  and VERY 
HIGH are utilized for modeling each of the five 
inputs , therefore, the total number of the 
parameters for the input type-2 MFs is 5X5=25. In 
a similar way, parameters for the output MFs are 
also encoded which has the same type of five MFs 
like input variable. Therefore, the structure of the 
population is built as displayed in Figure 11.  
 
 …           
Figure 11: The population representation for the 
parameters of the type-2 fuzzy sets 
 
The optimization problem is a minimization task, 
with the parameters encoded as above, the cost 
function in Equation (11) is minimized. The 
model’s performance is evaluated by comparing 
the model output with actual values of the testing 
data set using RMSE (Root Mean Square Error) in 
error minimization from the correct value[40]: 
( )
=
−=
N
t
tt yy
N
RMSE
1
2
ˆ
1
                   (11)   
Where N is the number of actual historical data,  
is the actual value and  is the corresponding 
predicted value for  to . Within the context 
of this study finding the best model means 
obtaining the predicted values that would give the 
least RMSE result in MEP. 
Prediction Phase 
In our fuzzy system, the antecedents are ELV, RF, 
RH, TEMP and LAGCASE and the system output 
is the CASE are modelled by five fuzzy sets: 
VERY LOW, LOW, MEDIUM, HIGH and VERY 
HIGH. The type-1 fuzzy sets are obtained via 
FCM and the rules are the same as the T2FLS.  
When an input pattern is introduced to the 
generated model, two cases will happen. The first 
case is when the input 
)(tx matches any of the  
rules in the generated model, we will obtain the 
output fuzzy set, 
)(lB [12] [38]. In the second case, If 
)(tx  does not match any of the existing  rules, 
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we will calculate the similarity (or distances) 
between each of the fuzzy rules generated by 
)(tx and each of the  rules stored in the rule 
base and select the output of the similar rule,  
[12][29].   
 
RESULTS AND DISCUSSIONS 
In this study, we aimed to predict Malaria 
epidemic which is the number of Malaria cases in 
specific place ahead of one up to three months 
with less false alarm. With a consideration of this 
aim, we have developed BBBC optimized Type-2 
Fuzzy Logic-based Malaria Prediction System and 
its result compared with black-box model which is 
Artificial Neural Network (ANN) and 
Coordination of Adaptive Neuro Fuzzy Inference 
System (ANFIS) as benchmark. The idea is to 
monitor sensible outputs and analyze any 
significant deviation. In order to conduct a fair 
comparison, all the methods share the same input 
features and experiment setup. 
ANN is the common predictive models but the 
internal logic is unexplainable and 
incomprehensible. ANN is black box technique in 
the sense that while it approximate any function, 
studying its structure would not give you any 
insights on the structure of the function being 
approximated[41]. ANN model training was 
performed using MATLAB R2019a built-in 
Toolbox. 
With ANN model development, a feed forward 
three-layer back propagation network was chosen. 
A Levenberg–Marquardt algorithm for back 
propagation with a gradient descent and 
momentum weight and bias learning function, was 
used to train the network. The error minimization 
of ANN model with testing data is 0.0942 in 
RMSE and the accuracy is 90.58% shown in Table 
1. 
Some sample generated rules by Type-2 Fuzzy 
Logic System are shown below: 
 
R1: If ELV_VLOW and RF_VLOW and 
RH_VLOW and TEMP_HIGH and 
LAGCASE_VLOW Then CASE_VLOW 
 
R2: If ELV_VLOW and RF_VLOW and RH_LOW 
and TEMP_MEDIUM and LAGCASE_HIGH Then 
CASE_MEDIUM 
 
R3: If ELV_MEDIUM and RF_HIGH and 
RH_HIGH and TEMP_VLOW and 
LAGCASE_HIGH Then CASE_HIGH 
 
Our developed model testing results displayed 
Table 1 and Figure 12 in term of accuracy, and 
errors minimization also shown in Figure 13.  
Based on these results, BBBC via T2FLS 
outperform T1FLS, non-optimized T2FLS and 
ANFIS with different percent.  On the other hand, 
optimized T2FLS slightly less than in accuracy to 
compare black-box model ANN for Malaria 
prediction.  
In Table 1 and on Figure 12, the results of model 
testing accuracy of T1FLS, T2FLS, ANFIS, ANN, 
and BBBC optimized T2FLS represented.  Hence, 
we can see that the results 87.85% for BBBC 
optimized T2FLS outperforms the accuracy of 
85.10% for T1FLS (i.e. uplift of 2.75%), the 
accuracy of 86.66% with ANFIS[21]  (i.e. uplift of 
1.19 %) and the accuracy of 86.99% non-
optimized T2FLS (i.e. Uplift by 0.86%). This 
result is due to the optimization of membership 
functions with the appropriate range using the 
BBBC algorithm. However, the ANN model has 
an accuracy of 90.58% which is better than BBBC 
optimized T2FLS by 2.73%. 
Even if BBBC via T2FLS has less accuracy to 
compare with ANN, It has a capability to represent 
a solution in the form of rules like Equation (9) 
which is close to natural language for easy 
understanding and interpreting by layman users 
when we perform Malaria epidemic prediction.  In 
addition, the BBBC optimized T2FLS can have an 
optimal MEP accuracy. It gives a better 
interpretable model as a result of using a smaller 
number of rules in comparison to the T1FLS and 
non-optimized T2FLS.  
 
TABLE 1: ACCURACY RESULT OF DIFFERENT 
TECHNIQUES 
T1FLS T2FLS ANFIS ANN 
BBBC 
Via 
T2FLS 
85.10% 86.99% 86.66% 90.58% 87.85% 
 
 
Figure 12: T1FLS, T2FLS, ANFIS and ANN 
performance with Testing 
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The error minimization of T1FLS, T2FLS and 
BBBC optimized T2FLS with testing sample data 
displayed in Figure 13. The error value of T2FLS 
with BBBC close to 0 than others (T1FLS and 
T2FLS) which means it has better accuracy and 
will have less false alarm in Malaria epidemic 
prediction. 
 
Figure 13: Error minimization by T1FLS, T2FLS 
and T2FLS via BBBC 
 
The main importance of this Fuzzy Logic-based 
System is that it can be explained and interpreted 
by the main stakeholders and decision-makers. We 
can use the fuzzy IF-THEN rules to solve the MEP 
problem and understand the Malaria occurrence 
pattern from generated rules.    For example, there 
are generated rules below which can be justified 
and used by health officers and experts for MEP in 
Ethiopia based on climatic factors and lag Malaria 
cases. Generated rules with High and Very High 
outputs are more interesting which are close to the 
Malaria epidemic. For example: 
 
R3: If ELV_HIGH and RF_LOW and RH_LOW 
and TEMP_HIGH and LAGCASE_HIGH Then 
CASE_HIGH.  
 
From the above rule, we can understand that the 
Malaria case occurrence will be high at a high 
level of elevation when the temperature becomes 
high (i.e. hot) even if a high level of elevation in 
Ethiopia was considered a Malaria low or free 
zone by experts. This might be climatic factors 
change due to global warming. Another example 
can be found in the following rule:   
 
R4: If ELV_LOW and RF_HIGH and 
RH_MEDIUM and TEMP_MEDIUM and 
LAGCASE_MEDIUM Then CASE_HIGH. 
 
We can infer from the above rule that the number 
of Malaria infected persons will be high (i.e. 
CASE_HIGH) after one and half months since the 
current number of Malaria cases is medium (i.e. 
LAGCASE_MEDIUM) and the amount of relative 
humidity (i.e. RH_MEDIUM) and temperature 
(i.e. TEMP_MEDIUM) are Medium. This is might 
be due to  high amount of rainfall (i.e. RF_HIGH) 
creates water pools which lead to hatching a large 
number of Anopheles mosquitos (i.e. Malaria 
parasite vectors); and a medium level of 
temperature and relative humidity are a favorable 
condition for Plasmodium parasite growth inside 
the mosquito which is the cause of Malaria 
disease.  
The proposed model can be used in the real 
situation for the prediction of Malaria epidemic 
ahead up to three months in Ethiopia by health 
workers and decision-makers to get control 
Malaria morbidity and deaths and try to take 
preventive measures based on the facts showing 
by the extracted rules.  
 
CONCLUSIONS  
Malaria is a life-threatening disease which has a 
huge medical, economic, and social impact. 
Diversity of modeling technique have been used to 
develop predictive models of malaria, no work has 
made use of Fuzzy Logic-based System. In this 
paper, we presented a BBBC optimized type-2 
fuzzy logic-based Malaria epidemic prediction 
system which has a capability to predict up to 
three months ahead. Based on the testing result 
showed in Table 1 and Figure 12, BBBC 
optimized T2FLS outperforms its counterpart 
T1FLS, non-optimized T2FLS and ANFIS. This 
result is due to the optimization of membership 
functions with the appropriate range using the 
BBBC algorithm. On the other way, the BBBC 
optimized T2FLS prediction accuracy slightly less 
than to compare with ANN prediction accuracy. 
However, the proposed T2FLS via BBBC 
optimization gave an opportunity to explain the 
cause of why the epidemic happened by 
investigated the amount and intensity of input 
factors using IF-THEN rules. This system has the 
capability of handling the encountered 
uncertainties and generating transparent result 
from a pre-specified number of linguistic rules, 
which enables the user to easily understand and 
analyze the generated Malaria epidemic prediction 
results. The proposed BBBC optimized T2FLS is 
able to predict Malaria occurrence with sufficient 
leading time on specific places by using the 
current climatic factor values and Malaria cases. 
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Hence, the decision-makers will use as warning 
system to prevent and control Malaria disease 
early before it leads to human morbidity and 
death. In future work, additional input factors will 
include for modeling and the proposed T2FLS 
based system of Malaria prediction apply in the 
real-world intelligent system to develop 
applications for serving the users and scale-up to 
other diseases which have similar behaviors.  
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